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Figure 1: Interactive Crowd Simulation: Our adaptive data-driven group emotion algorithm is based on a statistical scheme that
dynamically learns pedestrian behavior. Our method can generate realistic trajectory-level pedestrian behaviors with varying
perceptual entitativity features like friendliness, creepiness, comfort, and unnervingness. We can simulate a large number of
agent groups at interactive rates.
ABSTRACT
We present a data-driven algorithm to model and predict the socio-
emotional impact of groups on observers. Psychological research
finds that highly entitative i.e. cohesive and uniform groups in-
duce threat and unease in observers. Our algorithm models realistic
trajectory-level behaviors to classify and map the motion-based
entitativity of crowds. This mapping is based on a statistical scheme
that dynamically learns pedestrian behavior and computes the re-
sultant entitativity induced emotion through group motion charac-
teristics. We also present a novel interactive multi-agent simulation
algorithm to model entitative groups and conduct a VR user study
to validate the socio-emotional predictive power of our algorithm.
We further show that model-generated high-entitativity groups do
induce more negative emotions than low-entitative groups.
1 INTRODUCTION
Understanding and modeling group behavior is an important prob-
lem in many domains including virtual reality, robotics, pedestrian
dynamics, psychology, and behavior learning. Some of the driv-
ing applications include investigation of pathological processes in
mental disorders [1], virtual reality therapy for crowd phobias [2],
training of law enforcement officials or military personnel [3], un-
derstanding crowd flow analysis in urban layouts, etc. In these
applications, one of the goals is to generate realistic group move-
ments or emerging behaviors in the background, while the user is
immersed in the scene and performing certain tasks. The realism of
group movement and the ability to interact with the virtual crowds
enhances the presence in the virtual environment and steering
strategies [4].
In a group of walking individuals, a critical issue is understanding
how the individual motion trajectories combine into “group-level”
features. Understanding such features is essential because collective
and macroscopic motion of groups has the potential to induce a
variety of emotional reactions in the user. In a multi-agent envi-
ronment, some agents may appear friendly whereas some other
may appear threatening. These feelings can arise from a variety of
sources but frequently stem from how entitative a group seems to
be.
Entitativity, Emotions, and Reactions. In this paper, we explore
the importance of entitativity, which is a measure of how “group-
like” (i.e., how cohesive, uniform, and similar) a collection of agents
seems to be (Figure 3). Entitativity consists of perceptions of similar-
ity, cohesiveness, and uniformity. For example, a military platoon
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Figure 2: Overview: We highlight the various components of our group emotion-induced entitativity algorithm.We start with
a large-scale virtual crowd dataset (generated using a crowd simulation model) and perform a user-perception study to reveal
the entitativity level of each group in every video. We present a novel approach to compute the data-driven mapping between
entitativity perceptions/features (four inter-related and previously-validated measures of negative socio-affective judgments:
friendliness, creepiness, comfort, andunnervingness) and themotionmodel parameters whichwere used to generate the virtual
datasets. We then use this data-driven mapping for two use cases: to compute the entitativity in real videos and to simulate
human-like characters with varying entitativity.
with matching uniforms and haircuts is highly entitative, whereas
people waiting at a government office are much less entitative.
In addition to the similarity of appearance, one important aspect
of entitativity is the similarity of movement. When people move
together in a cohesive group (with the same trajectory and with
proximity) people judge them to be highly “group-like”. In this
paper, we restrict ourselves to only the trajectory-level movement
features of the pedestrian groups.
Research in social psychology reveals the importance of group-
level characteristics and their impact on others. Since humans are
a social species consisting of complex social groups, people are
highly sensitive to the characteristics and dynamics of groups [5].
In particular, humans are very attuned to the entitativity of groups
because large collections of like-minded people can pose a coordi-
nated threat to others (e.g., gangs, armies; [6]). Given the potential
threat of coordinated groups, when people observe highly entita-
tive groups, having similar appearance and/or motion trajectories,
negative emotions are generated. More specifically highly enti-
tative groups have been shown to generate unease and negative
socio-emotional appraisals including perceptions/experiences of
unfriendliness, creepiness, unnervingness, and discomfort [7, 8].
Therefore, for VR applications including social VR, in order to pre-
dict emotions induced by groups of virtual agents, it is necessary
to automatically assess how entitative a group appears to be and
quickly tie these entitativity assessments to the resultant negative
socio-emotional experiences in users.
Main Results: In this paper, we present a novel data-driven al-
gorithm for modeling and automatically classifying the entitativity
of a group of pedestrians (Figure 2). Our formulation is based on
using the results of an elaborate web-based user study on a large
virtual crowd dataset to establish a mapping between trajectory
characteristics and their entitativity induced emotions (i.e., socio-
emotional appraisals). Consistent with predictions (and past social
psychological work) people report being made more unnerved
and uncomfortable by those collections of agents classified by the
algorithm as highly entitative. We map the various features of en-
titativity (operationalized as friendliness, creepiness, unnerving,
and comfort) with the motion model parameters that were used to
generate the virtual crowd dataset.
We present two use-cases for our method of being able to
a) classify the entitativity of groups in real videos and,
b) generate characters in a VR environment to simulate varying
degrees of entitativity.
For the first case, we extract the trajectory of each pedestrian in
a video using Bayesian learning at an interactive rate. We cluster
the pedestrians in a group and learn various group trajectory-level
characteristics. We combine these characteristics to yield an overall
entitativity measure based on our mapping, which we tie to nega-
tive socio-emotional appraisals. For the second case, we generate
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Figure 3: Entitativity Classification: Our novel algorithm
can automatically classify the emotion-induction potential
of pedestrian group motion based upon entitativity. Top:
We extract individual pedestrian trajectories from video in-
put, combine these trajectories to cluster individuals into
groups. Bottom: Our model then calculates the group’s enti-
tativity and its emotion induction potential (operationalized
as friendliness, creepiness, unnerving, and comfort).
various virtual reality scenes with virtual agents with varying enti-
tativity. These scenes induce variations of friendliness, creepiness,
and comfort in the users.
Finally, we validate the algorithm by performing additional user
studies for both the use-cases. The studies reveal that the entitativity
algorithm accurately predicts negative socio-emotional appraisals
of users.
Overall, our approach has the following benefits:
1. Social Prediction:Our approach accurately predicts andmodels
important socio-emotional reactions towards other social agents.
2. Robust computation: Our approach is robust and can account
for noise in the pedestrian trajectories.
3. Generalizability: Our approach is agnostic to the underlying
crowd simulation model.
The rest of the paper is organized as follows. In Section 2, we
review the related work in the field of social psychology and be-
havior modeling. In Section 3, we give background on quantifying
entitativity and introduce our notation. We also present our interac-
tive algorithm, which computes the perceived group entitativity. In
Section 4, we describe our user study on the perception of multiple
virtual characters with varying degrees of entitativity. In Section 5,
we evaluate our algorithm on real videos.In Section 6, we evaluate
our simulation algorithm in a VR scene using an HMD.
2 RELATEDWORK
In this section, we give a brief overview of prior work on psy-
chological perspectives on group dynamics, behavior modeling of
pedestrians, and work related to background of crowd analysis.
2.1 Psychological Perspectives on Group
Dynamics
Human beings are inherently social creatures [9], which evolved to
rapidly process and form judgments about collections of people [10].
Many argue the complex social structure and group dynamics of
humanity are the key to our ability to be a successful species [11].
Not only do groups help humans survive by providing benefits that
come from collective coordination but they can also represent a
definite threat, as groups can make even mild-mannered individuals
perpetrate harm upon others [12].
Because of the social importance of groups, people have evolved
to be extremely adept at detecting information about groups in
visual scenes [13] and rapidly process the social elements that
make up groups, such as cohesion and motion. For example, both
classic [14] and modern [15] studies find that people automatically
see social features in the movement of basic shapes, and people can
infer relatively rich social information in groups of people even
from a large distance [16]. Our algorithm is inspired by these classic
studies on the rich social context of trajectory motion.
2.2 Behavior Modeling of Pedestrians
There is considerable literature in psychology, robotics, and au-
tonomous driving on modeling the behavior of pedestrians. Many
rule-based methods have been proposed to model complex behav-
iors based on motor, perceptual, behavioral, and cognitive com-
ponents [17]. There is extensive literature on modeling emergent
behaviors, starting from Reynolds work [18]. Yeh et al. [19] describe
velocity-based methods to model different behaviors including ag-
gression, social priority, authority, protection, and guidance. Other
techniques have been proposed to model heterogeneous crowd
behaviors based on personality traits [20–22]. Different techniques
have been proposed to model collision avoidance behaviors [23, 24]
and effect of appearance on perception of virtual characters [25, 26].
Our approach is compatible to most of these works and can also
predict the entitativity induced emotions of groups of characters
created by these methods.
2.3 Pedestrian and Crowd Analysis from
Videos
There is extensive work in computer vision and AI literature that
analyzes the behaviors and movement patterns of pedestrians in
crowd videos [27]. The main objectives of these works include
human behavior understanding and crowd activity recognition for
detecting abnormal behaviors or for surveillance applications [28].
Many of these methods use a large number of training videos for
offline learning [29]. Other methods utilize motion models to learn
crowd behaviors [30].
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2.4 Group Dynamics and Socio-Emotional
Reaction
Decades of psychological research reveals that people interact more
negatively with groups than with individuals [31, 32], acting with
more hostility towards a group of people rather than a single in-
dividual [33], due to a greater sense of fear [34]. At the heart of
anti-social actions are negative socio-emotional reactions, which
can be directed at any social agent, whether human, robot [35], or
virtual agent [36]. These negative socio-emotional reactions involve
appraisals of unease [37], threat [35], fear [38] and overall aversive
experiences [39].
3 NOTATION AND OVERVIEW
In this section, we first define entitativity formally. Then, we intro-
duce the notation and present an overview of the approach.
3.1 Entitativity
Entitativity is the perception how much a set of individuals is seen
as a single entity (i.e., a group). Perceptions of group entitativity
are increased by perceived psychological similarity, such as when
people belong to the same racial groups [40] or ideologies [41],
and pursuing the same goal [42]. Perceptions of group entitativity
are also increased by perceived physical similarity, defined as the
following three elements:
1.Appearance uniformity:Highly entitative groups havemem-
bers that look the same.
2. Common movement: Highly entitative groups have mem-
bers that move similarly.
3. Proximity: Highly entitative groups have members that are
very close to each other.
In this paper, we present an automated algorithm that examines
the idea of common movement. When people move together as a
single unit, it leads to perceptions of entitativity which then induces
unease which can in turn lead to aggression and harm. While it is
non-trivial to extract or capture the collective pedestrian motion
from a video, our approach is based on formulating an entitativity
metric from individual trajectories of pedestrians computed using
Bayesian learning.
3.2 Notation and Terminology
Here, we introduce the notation used in the rest of the paper. We
refer to an agent in the crowd as a pedestrian. The trajectory and
behavior characteristics of each pedestrian are called its state. These
behavior characteristics control how the pedestrian moves on the
2D ground plane. We refer the pedestrian’s state by the symbol
x ∈ R6: x = [p vc vpref ]T, where p is the pedestrian’s position,
vc is its current velocity, and vpref is the preferred velocity on
a 2D plane. The preferred velocity is the optimal velocity that
a pedestrian would take to achieve its intermediate goal in the
absence of other pedestrians or obstacles in the scene. In practice,
where other pedestrians and obstacles are present, vpref tends
to be different from vc for a given pedestrian. The states of all
the other pedestrians and the current positions of the obstacles
in the scene are collectively represented by the symbol S. We call
this the current state of the environment. We refer to the union of
the set of each pedestrian’s state as the state of the crowd, which
consists of individual pedestrians. We represent this as X =
⋃
i xi,
where subscript i denotes the ith pedestrian. In real-world crowds,
pedestrians often walk as a part of a group, and we represent a
group of pedestrians by G =
⋃
j xj where subscript j denotes the
jth pedestrian in the group.
Our state formulation does not include any full body or ges-
ture information. Moreover, we do not explicitly model or capture
pairwise interactions between pedestrians. However, the difference
between vpref and vc provides partial information about the local
interactions between a pedestrian and the rest of the environment.
P ∈ R6 denotes the set of parameters for the motion model.
The motion model corresponds to the local navigation rule or
scheme that each pedestrian uses to avoid collisions with other
pedestrians or obstacles and has a group strategy. Our formulation
is based on the RVO velocity-basedmotionmodel [43]. In this model,
the motion of each pedestrian is governed by these five individ-
ual pedestrian characteristics: Neighbor Dist, Maximum Neighbors,
Planning Horizon, (Radius) Personal Space, and Preferred Speed and
one group characteristic: Group Cohesion. We combine RVO with a
group navigation scheme in Section 4.4. In our approach, we mainly
analyze four parameters (GP ∈ R4): Neighbor Dist, (Radius) Personal
Space, Group Cohesion, and Preferred Speed.
Assessing Negative Socio-Emotional Reactions: Prior
research in social psychology reveals that entitative groups induce
negative socio-emotional reactions which can license aggression.
We therefore use an index of four items to assesses negative socio-
emotional reactions and provide a criterion for our entitativity-
induced negative emotions algorithm:
E =
©­­­«
Friendliness
Creepiness
Comf ort
Unnervinд
ª®®®¬ (1)
Item and Index Justification: Each of these items has been
used before in social psychological research in intergroup research
to assess negative socio-emotional reactions. Moreover, the high
Cronbach’s α (a test of statistical reliability) in pilot studies (α =
0.794) justifies their combination into a single negative socio-emotional
vector.
3.3 Overview
In this section, we present an overview (Figure 2) of our interactive
algorithm, which computes the group entitativity model and then
simulates virtual agents in real-time.
For each pedestrian in the crowd, the functionG : R×R6 × S→
R2 maps time t , the current state of the pedestrian x ∈ X, and the
current state of the environment S ∈ S to a preferred velocity vpref .
Function I : R6 × S→ R2 represents the group RVO motion model
that is used to compute the current velocity vc for collision-free
interactions with other pedestrians and obstacles. The function
P : R2 → R2 computes the position given vc and E : R → R2
computes the initial position for time t0 which is the time at which
a particular pedestrian enters the environment.
Each pedestrian uses a local navigation scheme to avoid collisions
with other pedestrians and obstacles. In addition to following their
individual rules or navigation schemes, pedestrians also navigate
as part of a group. We represent these individual as well as group
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Figure 4: Varying Entitativity - Our user study consisted of three cases for each parameter: (1) high entitativity when there is
little to no variation in pedestrian speed and all pedestrian trajectories are somewhat similar/parallel, (2) medium entitativity
when there is moderate variation in pedestrian speed and the trajectory directions deviate from each other, (3) low entitativity
when there is large variation in pedestrian speed and all pedestrians travel in vastly different directions. The width of the blue
arrow denotes the speed (the wider the arrow, the higher the speed) and the direction represents the path taken.
navigation rules by a group motion model. Our formulation is
based on a velocity-based motion model which also takes into
account proxemic group behaviors [44]. In this model, the motion
of pedestrians is governed by four characteristics/parameters (GP).
Entitativity Feature Computation: Once we compute the pedes-
trian cluster, we make use of a data-driven mapping to compute the
collective perceived entitativity-induced emotions E of the group
from the group motion model parameters GP. The derivation and
details of this mapping are given in Section 4.
4 DATA-DRIVEN ENTITATIVITY MODEL
To evaluate the impact of the various parameters of the group
motion model on the perception of entitativity of a group of pedes-
trians, we performed a user study using simulated trajectories. We
provide the details of this user study in this section.
4.1 Study Goals and Design
This study aimed to understand how the perception of multiple
pedestrians is affected by the parameters of the groupmotionmodel.
We use the results of this user study to compute a data-driven
statistical mapping between the group motion model parameters
and the perception of groups in terms of friendliness, creepiness,
and social comfort. We recruited 212 participants (105 male, 107
female, x¯aдe = 36, saдe = 11.72) electronically and also fromAmazon
MTurk. Here, we provide details of the design of our experiment.
4.2 Procedure
We performed a web-based study in which the participants were
asked to watch pairs of simulated videos of pedestrians and compare
the entitativity features (Figure 5). Each video contained 3 simulated
agents with various settings of the group motion model parameters.
We consider variations in four group motion models parameters
(GP): Neighbor Dist, Radius, Pref Speed, and Group Cohesion. We
present the default values for simulation parameters used in our
experiments in Table 1. In each pair, one of the videos corresponds
to the default values of the parameters (called the Reference video).
We generated the other video (called the Question video) by varying
Figure 5: Varying Levels of Entitativity: Parameters of the
group motion model affected the entitativity of multiple
simulated agents. Agents having the same speed and simi-
lar trajectories were perceived to be highly entitative (top)
whereas agents walking at different speeds and varying tra-
jectories were perceived as less entitative (bottom).
one parameter to either the minimum or the maximum value. Thus
a total of 8 pairs of videos were generated corresponding to the
minimum and themaximumvalue for eachmotionmodel parameter.
Out of the 8 videos, each participant watched a random subset of 4
pairs of videos. The participants watched the video pairs side by
side in randomized order. They could watch the videos multiple
times if they wished and compared the entitativity features of the
pedestrian groups in the two videos. We collected the demographic
information about participants’ gender and age at the end of the
study.
VRST ’18, November 28-December 1, 2018, Tokyo, Japan Bera et al.
4.3 Questions
For each trial, the participant compared the two videos (Refer-
ence and Question) on a 6-point scale from Strongly Disagree (1) -
Strongly Agree (6). The following items were adapted [45] to assess
creepiness and social comfort experienced:
As compared to the Reference video, in the Question video ...
• Did the characters seem more friendly?
• Did the characters seem more creepy?
• Did you feel more comfortable with the characters?
• Did you feel more unnerved by the characters?
These questions were motivated by previous studies [31]. We de-
fine an entitativity feature corresponding to each question. Thus,
we represent the entitativity features of a group as a 4-D vector:
Friendliness, Creepiness, Comfort, Unnerving (Ability to Unnerve).
4.4 Analysis
We average the participant responses to each video pair to obtain
8 entitativity feature data points (Ei , i = 1, 2, ..., 8}). The range of
entitativity features in these data points is presented in Table 2. We
also present the standard deviation of the features.
Table 3 provides the correlation coefficients between the features
for all the participant responses. The high correlation between the
features indicates that the features measure different aspects of
socio-emotional reactions to entitativity. As expected, creepiness
and unnerving are inversely correlated with friendliness and comfort.
Principal Component Analysis of the four socio-emotional features
also reveals that a single principal component is enough to explain
over 98% of the variance in the participants’ responses. We use
this component to combine the four entitativity features into an
entitativity label ei ∈ R:
ei = −0.31 ∗ EFr iendlinessi + 0.66 ∗ ECreepinessi
− 0.46 ∗ EComf or ti + 0.51 ∗ E
Unnervinд
i (2)
Parameters (GP) min max default
Neighbor Distance (m) 3 5 4
Radius (Personal Space) (m) 0.8 1.7 1.0
Preferred speed (m/s) 1.2 1.8 1.5
Group Cohesion 0.1 1.0 0.5
Table 1: Default values for simulation parameters used in
our experiments
Min Max STD
Friendliness 2.664 3.636 0.392
Creepiness 2.654 4.452 0.797
Comfort 2.617 3.810 0.557
Unnerving 2.882 4.343 0.631
Table 2: Range of the Entitativity Features: For low and high
values of motion model parameters (keeping the other pa-
rameters at default value) we obtain the above range of en-
titativity features.
Friendliness Creepiness Comfort Unnerving
Friendliness 1 -0.963 0.973 -0.944
Creepiness -0.963 1 -0.990 0.977
Comfort 0.973 -0.990 1 -0.969
Unnerving -0.944 0.977 -0.969 1
Table 3: Correlation Between Questions: We provide the cor-
relation coefficients between the questions. The high cor-
relation between the questions indicates that the questions
measure different aspects of a single perception feature, en-
titativity.
We normalize the responses and obtain entitativity values (ei , i =
1, 2, ..., 8}) for each variation of themotionmodel parameters (GPi , i =
1, 2, ..., 8}), we can fit a linearmodel to the entitativity and themodel
parameters. We refer to this model as the Data-Driven Entitativity
Model. For each video pair i in the gait dataset, we have a vector
of parameter values GPi and an entitativity value ei . Given these
parameters and features, we compute the entitativity mapping of
the form:
e = a0 + a1 ∗ Neiдhbor Dist + a2 ∗ Radius
+ a3 ∗ Pre f . Speed + a4 ∗Group Cohesion (3)
We obtain the coefficient vector A = {a0,a1,a2,a3,a4} using lin-
ear regression with entitativity values as the responses and the
parameter values as the predictors using the normal distribution
(R2 = 0.942, F (1, 3) = 29.6,p < 0.01):
A = [0.60 − 0.42 − 0.58 0.75 0.73] (4)
We canmake many inferences from the values ofA. The negative
values of a0 and a1 indicate that as the values of neighbor distance
and radius increases, the entitativity of the group decreases. That
is, groups with larger interpersonal distances appear less entitative.
This validates the psychological findings in the previous literature.
Entitativity increases with walking speed and group cohesion. This
indicates that faster-walking groups of agents appear discomforting
and less friendly.
We can use our data-driven entitativity model to predict per-
ceived entitativity of any group for any new input video. Given the
motion parameter values GP for the group, the perceived entitativ-
ity e can be obtained as: e = A ∗ GP.
In addition to computing entitativity from the motion parame-
ters, we can also predict individual features of entitativity as well.
We perform multiple linear regression and obtain the following
equation:
E =

0.32 0.20 0.33 −0.23 −0.42
0.56 −0.45 −0.51 0.73 0.69
0.34 0.28 0.36 −0.49 −0.59
0.57 −0.29 −0.52 0.68 0.47


1
Neiдhbor Dist
Radius
Pre f Speed
GroupCohesion

(5)
Given the motion model parameters GP, we can compute any of
the features of entitativity (E = [Friendliness, Creepiness, Comfort,
Unnerving]) using Equation 5. R2 and F-statistic values in Table 4
indicate that our linear model fits the data well.
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R2 F p
Friendliness 0.980 85.0 0.002
Creepiness 0.916 20.1 0.017
Comfortable 0.933 25.2 0.012
Unnerving 0.952 35.8 0.007
Table 4: R2 and F-statistic values which indicate that our
model fits the data well.
5 VALIDATION ON REAL DATA
We validated our algorithm on videos of pedestrians walking in
the real world. We performed a user study to obtain the values of
perceived entitativity for our validation videos. We computed the
error between the user reported entitativity values and the values
computed using our Data-Driven Entitativity Model. We describe
the details of the user study below. We also applied our novel
algorithms to the 2D pedestrian trajectories generated and extracted
from different publicly available crowd videos and calculated the
performance.
Pedestrian Tracking: Our method takes a crowd video as an input
and we extract the initial set of pedestrian trajectories using an
online pedestrian tracker. We learn the pedestrian group motion
model parameters using statistical methods [46, 47]. We use the
Bayesian-inference technique to compensate for any errors and to
compute the state of each pedestrian. We use an Ensemble Kalman
Filter (EnKF) and Expectation Maximization (EM) to estimate the
most likely state x of each pedestrian. Our approach extends the
method presented in [48].
5.1 Study Goals
This study aimed to obtain the perceived entitativity values for
videos of pedestrians walking in the real world. We recruited 46
participants (29 male, 17 female, x¯aдe = 32.52, saдe = 10.34) elec-
tronically and also from Amazon MTurk. Participants watched the
videos in the dataset and answered some questions. We presented
the videos in randomized order to the participants, and they could
watch each video as many times as they wanted. After answering
the questions for all the videos, participants provided demographic
information. We asked questions which are similar to Section 4.1
and were adapted [45] to assess creepiness and social comfort ex-
perienced.
5.2 Dataset
We captured eight videos of pedestrians walking in the real world.
In each of these videos (~10 seconds), three pedestrians were walk-
ing on a university campus (Figure 6). We used the videos which
contained the same set of pedestrians to account for differences in
appearance and body shapes.
5.3 Results and Analysis
Using the participant responses, we calculated entitativity values
using a method similar to Section 4.4. We averaged the participant
responses and combined the four entitativity features using the
obtained PCA coefficients. We obtained the entitativity values ei ∈
R for each video i using Equation 2.
Here, EFr iendlinessi , E
Creepiness
i , E
Comf or t
i , E
Unnervinд
i are
the average participant responses to the four questions. We nor-
malized these entitativity values eдroundi which we treat as ground
truth for error computation. For each video, we also computed the
pedestrian parameters GP. Given GP, we used e (Section 4.2) to
compute the predicted entitativity value epredi for each video i . We
define the error (eдroundi , e
pred
i ) between the ground truth e
дround
i
and predicted entitativity epredi as:
error (eдroundi , e
pred
i ) =
|eдroundi − e
pred
i |
emax − emin (6)
where emax and emin are the maximum and minimum attainable
entitativity values. For our dataset, we observe an average error of
5.91% which indicates that the perceived entitativity of groups of
real pedestrians by participants matches the predicted entitativity
by our algorithm.
6 VALIDATION IN A VR ENVIRONMENT
We validated our algorithm on videos of pedestrians walking in a
VR setting.
6.1 Study Goal
We conducted a within users VR study to evaluate the perception of
entitativity of a group of pedestrians in a virtual environment. This
study aimed to validate whether our entitativity model correctly
predicts the socio-emotional reactions of the users.
6.2 Experimental Design
We conducted the user study using anHTCVIVEHMDon a desktop
machine with an Nvidia Titan X GPU, Intel Xeon E5-1620 v3 4-
core processor, 16 GB of memory, and Windows 10 OS. The study
involved 4 scenarios with each scenario containing 3 characters.
Each scenario had different entitativity parameters related to a
group of three virtual pedestrians (Table 5).
Scenarios Description Entitativity
Level
Scene 1 Pedestrians walked with identical
trajectories, high synchronization
and movement, and high cohesion.
Highest
Scene 2 Pedestrians had the Scene 1 trajec-
tories and movement with a slightly
lower cohesion, less synchronized
and slightly slower walking pace.
High
Scene 3 Pedestrians walked with varying
trajectories andmovement with low
cohesion at a regular walking pace.
Medium
Scene 4 Pedestrians had the Scene 3 trajec-
tories and movement with a lower
cohesion and a slowerwalking pace.
Low
Table 5: Four scenarios with varying levels of entitativity
were used to validate our algorithm in a virtual environ-
ment.
VRST ’18, November 28-December 1, 2018, Tokyo, Japan Bera et al.
Figure 6: We captured videos of pedestrians walking in the real world. In each of these videos (~10 seconds), three pedestrians
were walking on a university campus.
6.3 Participants
Participants were recruited from staff and students of a university.
Total 30 participants (17 males, 12 females) were recruited.
6.4 Procedure
The participants were asked to watch scenarios with a group of vir-
tual pedestrians with varying entitativity in a virtual environment
and evaluate their perception (friendly/creepy) of the group.
Each participant was presented with the 4 scenarios on the HTC
VIVE HMD in a randomized order. The participants were free to
look andwalk around the environment, but there was no interaction
between the virtual pedestrians in the scenes and the participant.
The participants rated their perception of the pedestrian group us-
ing questions similar to Section IV on a 4-point scale from Strongly
Disagree(1) to Strongly Agree(4).
6.5 Results
We provide the mean values of participant responses to the four
questions for the four scenes in Table 6. Mean values of friendliness
and comfort decrease with higher entitativity whereas mean values
of creepiness and unnervingness increase.
We combined the participant responses to obtain the entitativity
labels using Equation 2. There was a statistically significant differ-
ence between the responses for the different levels of entitativity
as determined by one-way ANOVA (F (3, 30) = 249.44,p < 0.001).
We also conducted pairwise t-tests to compare the four entitativity
levels.
6.6 Discussion
Our results (Table 7) indicate that there was a significant difference
between all the pairwise comparisons. Our algorithm can create dif-
ferent levels of entitativity that can induce more negative emotions
than low-entitative groups.
Since realistic behaviors, interactions, and movements of virtual
agents can increase the sense of presence and immersion in VR,
understanding user-crowd interaction is important. As shown by
our results, varying entitativity can be used to create virtual ex-
periences having characters with different levels of friendliness,
creepiness, comfort, and unnervingness.
7 CONCLUSIONS, LIMITATIONS, AND
FUTUREWORK
We present a novel method for automatically classifying entita-
tivity via pedestrian motion trajectories. Our algorithm identifies
Scene Friendliness Creepiness Comfort Unnerving
Scene 1 1.30 3.47 1.47 3.60
Scene 2 1.57 3.20 1.73 3.27
Scene 3 2.83 2.07 3.20 2.00
Scene 4 3.63 1.47 3.67 1.23
Table 6: Mean participant responses to the VR scenes.
Scenes t(29) p
Scene 1 and 2 4.38 <0.001
Scene 1 and 3 17.62 <0.001
Scene 1 and 4 21.25 <0.001
Scene 2 and 3 13.57 <0.001
Scene 2 and 4 17.59 <0.001
Scene 3 and 4 8.80 <0.001
Table 7: Results of our pairwise t-tests.
groups of pedestrians and extracts their individual trajectories be-
fore synthesizing them together into group-level characteristics.
We precompute a data-driven entitativity metric that predicts nega-
tive socio-emotional reactions (supported by a VR user study) with
important implications for real-world behavior. To the best of our
knowledge, this is the first approach for automatic video-based
group entitativity classification and the associated prediction of
socio-emotional reactions. Our approach can also be used in VR
applications including social VR to create scenarios with groups of
virtual agents having varying entitativity levels which can induce
different levels of friendliness, comfort, and creepiness in the users.
Our approach has some limitations. Most importantly, people
rely upon more than group-level motion characteristics when mak-
ing judgments of groups of people, also relying upon rich social and
identity information (e.g., perceptions of race, class, religion, and
gender). Our algorithm only considers socio-emotional reactions to
motion trajectories and so may not capture the other diverse inputs
of socio-emotional reactions. Additionally, the predictive benefit
of our algorithm may be limited in some cases, such as in a very
large high-density group in which motion-trajectories are heavily
constrained.
A key future direction involves extending the prediction of enti-
tativity judgment to additional cues, primarily appearance. When
individuals look more similar based on race, clothing, or posture,
they are seen to be more entitative. This trajectory-based algorithm
could be expanded to incorporate appearance-based cues, such as
overall color. An additional future direction would be to understand
entitativity judgments as a combination of both the behavior of
others and the personality of the perceiver.
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